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Abstract 
The goals of the study are to analyze underlying types motives for using social media, to identify underlying types of social 
media usage, and to investigate whether motives have effect on underlying social media usage types. For these, data were 
gathered from 840 Korean undergraduate students, latent class analysis (LCA) and multinominal logistic regression carried out 
using PROC LCA for SAS. The results are following. Firstly, the respondents were grouped into five latent classes: ' the passive 
relationships', 'the learning network building', 'the building social connections', 'the daily information sharing', and 'the task 
solving’ based on motives to use social media. 41% of respondents are expected to belong to 'the learning network building' 
class. Secondly the respondents were grouped into four latent class based on the usage: 'the community oriented consumer', 'the 
community oriented prosumer', 'the consumer of data', and 'the disinterested', and half of students prefer to passively take pre-
existing content rather than actively make their own. Thirdly, motives were strong predictors of latent class membership of social 
media usage (p<. 001).   
© 2014 The Authors. Published by Elsevier Ltd. 
Selection and peer-review under responsibility of the Organizing Committee of WCETR 2013. 
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1. Introduction 
To maximize social media’ potential function in learning activity, research on what motivates learners to use 
social media in learning, how learners utilize the usage of social media on learning activity, and whether motives for 
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using social media are related to the usage of social media. However, there are little empirical studies on these 
research questions. Based on this situation, purposes of this research are to analyze motives for using social media, 
to identify type of social media usage, and to investigate whether motives have effect on social media usage types. 
The following research questions are addressed:  
RQ1: What differences, if any, exist between the motives for using social media of Korean undergraduate students? 
Is it possible to classify Korean undergraduate students into groups according to motives for using social media? If 
so, which are these  types  and the groups’ characteristics?  
RQ2: Is it possible to classify Korean undergraduate students into groups according to social media usage? If so, 
which are these usage types and the groups’ characteristics?  
RQ3: What is the correspondence, if any, between groups of learners based on their motives for using social media 
and social media usage types in learning activity? 
 
2. Literature Review 
 
Social media refers to the means of interactions among people in which they create, share, and exchange 
information and ideas in virtual communities and networks. Social media assisted instruction in higher education 
can make students to engage in peer review, share learning resources, and write personal and reflective blogs about 
their learning experiences(Chen, Hwang, & Wang, 2012; Loureiro, Pombo, & Moreira, 2012; Farmer, Yue, &  
Brooks, 2008).  
Social media technologies have been categorized based on how users interact with them. For instance, social 
networking such as Facebook, Twitter, and Kakao-talk/story are mainly used to share updates on users’ daily 
encounter. Wikis are typically websites created to provide educational information. Online forums are discussion 
sites where participants hold conversations that are posted to a discussion board. Blogs are often created and 
maintained by an individual or occasionally by a small group with the goal of propagating an agenda centered on a 
specific topical area. Traditional media companies are increasingly keeping blogs to continue interaction with 
customers that subscribe to their publications (Chung, Kim, Trammell, & Porter, 2007).  
The usage of social media in higher education can vary from information seeking to information sharing, 
friendship-wide relationships and learning community-building. Distinction was made between different purposes of 
social media use including ‘search information’, ‘stay up-to-date’, ‘relaxing/entertainment’, ‘stay in contact with 
friends’, ‘exchange information with others’, ‘share opinions with others’ and ‘search new friends’ (Rutsaert, P., 
Pieniak, Z., Regan, Á., McConnon, Á., & Verbeke, W., 2013). The use of social media in higher education has been 
proven to help students to share experiences and emotional support, helping to build social connections and create a 
sense of belonging among students. The use of social media for learning have common emphasis on fostering 
engagement among students and faculty, offering interactivity and instant feedback (Mazman, S., & Usluel, Y., 
2010; Sim & Hew, 2010). Through participation of such activity, students can improve their skills. 
 
3. Research  Design 
 
3.1. Data Collecting Methods and Sample 
 
The study was conducted at the Daegu University and Kyungpook National University, Korea. Data were 
collected through an online survey between September 1st and October 15th, 2013 by means of questionnaires. The 
response rate was 87.4% with a total of 1010. Some participants' datasets were removed from further data analysis 
due to incompleteness or errors. The total sample consisted of 840 participants. Sample demographics characteristics 
are shown in Table 1. 
Table 1. Sample demographics characteristics 
gender 
male 314 37.4 
female 526 62.6 
major 
Humanity 52 6.2 
Social Science 120 14.3 
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Natural Science 52 6.2 
Engineering 84 10.0 
Education 238 28.4 
Art and Physics 22 2.6 
Agricultural 10 1.2 
Law & public Administration  174 20.8 
Economy & Business Administration 86 10.3 
year 
freshman 174 20.7 
sophomore 200 23.8 
junior 202 24.0 
senior 264 31.4 
possession of smart phone 
not possession 56 6.6 
possession 784 93.3 
experience of e-Class  
no 116 13.8 
1 ~ 2 class 646 76.9 
3 ~ 4 classes 50 6.0 
5 classes ~ 28 3.3 
pressure of professor on data searching 
by social media in course 
non pressure  450 53.6 
pressure  390 46.4 
pressure of professor on building 
community in course 
non pressure 458 54.5 
pressure  382 45.5 
social media using for learning 
Naver knowledge-iN  
non use 236 28.0 
use 606 72.0 
Tweeter 
non use 662 78.6 
use 180 21.4 
Facebook 
non use 190 22.6 
use 652 77.4 
Blog 
non use 508 60.3 
use 334 39.7 
You-tube 
non use 816 96.9 
use 26 3.1 
Kakao –talk/story 
non use 50 5.9 
use 792 94.1 
Wikis 
non use 802 95.2 
use 40 4.8 
Forum 
non use 802 95.2 
use 40 4.8 
 
3.2. Instruments 
 
Questionnaire has been created via making a literature review and designating definitions and common issues 
related to the subject. Furthermore, some expert views were taken in order to extend the internal reliability and 
validity of study findings. The survey instruments contained five sections: demographic information, motives for 
using social media, and social media usage. Demographic and descriptive information on survey participants was 
collected, including variables such as gender, possession of smart phone, year, major, professor' pressure on using in 
the course, and social media using for learning. To analyze category of social media used for learning, I asked to 
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participants, "Which social media do you use listed below?". Based on the categorization of social media by Lee et 
al.(2012), items was designed. The items were measured on a 2- point Likert scale ranging from ‘'1 = do not use for 
learning, 2= use for learning’' for the different applications discussed in this study: Wiki, YouTube, forums, blogs, 
Twitter, Facebook, Naver Knowledge-iN, and Kakao-talk/story. This categorization is commonly used in Korea. A 
set of 11 statements measuring motives were asked to participants, allowing as many possible answers as they 
considered appropriate. The scale used was 1 = disagree 2 = agree. To understand social media usage in the learning 
activity, I ask participants, "what type of activities did you perform for your learning with social media listed 
below?" allowing as many possible answers as they considered appropriate. The scale used was 1 = do not use, 2 = 
use. 
 
3.3. Statistical Analysis 
 
Statistical analyses were done with the software program SPSS 20.0 (SPSS Inc., Chicago, IL, USA) and PROC 
LCA. Based on the research question, data analysis of this study consisted of descriptive and inferential statistical 
analyses upon removing incomplete responses. The researchers used descriptive statistics to first report demographic 
characteristics of participants. The second phase of the analysis was to explore what motivates university students to 
use social media by latent class analysis. The third phase of the analysis was to identify underlying cluster of activity 
usage by latent class analysis. LCA allows to find the number of classes which best fit the data, assigning a 
probability of each variable to each class and to assign class membership prediction for each sample calculating the 
predicted modal posterior membership probabilities. Therefore, not only will LCA determine the optimal number of 
classes, but it will also determine probabilistically to which class each sample will belong. The fourth phase of the 
analysis is to analyze correspondence of predicted membership between latent classes extracted from motives and 
usages. For this, each respondent was assigned by the latent class analysis to one of the clusters from each class. 
These two new datasets were then paired in order to make the correspondences between the two sets of clusters. The 
final phase is to testify whether motives are predictive of membership in types of usages using multinominal logistic 
regression., 
 
4. Result Findings 
 
4.1. How are distribution of motives and usage? 
 
To examine motives for using social media and social media usage in learning, I carried out Frequency Analysis. 
Distribution of participants' response is shown in Figure 1 -2. 
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Fig. 1. Frequency of motives                                                                                      Fig. 2. Frequency 
of usage 
 
4.2. Are there the underlying motives  for using social media among undergraduate students? 
 
To identify whether there a latent class structure that adequately represents the heterogeneity in motives for using 
social media in learning, I carried out latent classes. Entropy values, the AIC and ABIC can be used to compare 
models with different numbers of latent classes. Entropy values over 0.8 indicate a good separate of the latent 
classes (Celeux & Soromenho, 1996). A smaller AIC and BIC for a particular model suggests that the trade-off 
between fit and parsimony is preferable. With technical value, model interpretability should be considered. For 
example, each class should be distinguishable from the others on the basis of the item-response probabilities, no 
class should be trivial in size, and it should be possible to assign a meaningful label to each class (Lanza, et al., 
2007). As Table 2 shows, based on the AIC value, ABIC value, and Entropy value, five-class model is best. 
Considering model interpretability as well technical attribute, five-class model turned to be best . 
 
Table 2. Comparison of Baseline Models 
 
class no. Likelihood Ratio G2 df Entropy AIC ABIC 
2 873.36 2024 0.87 919.36 939.14 
3 748.83 2012 0.82 818.83 848.92 
4 618.90 2000 0.83 712.90 753.31 
5 574.34 1988 0.85 692.34 743.07 
6 539.29 1976 0.80  681.29  742.34 
Note. Boldface type indicates the selected model. AIC = Akaike’'s Information Criterion; ABIC = 
Adjusted Bayesian Information Criterion. 
 
Each column of Table 3 shows, for each class, the assigned label and probability of membership, as well as the 
item-response probabilities for endorsing each item.  
In this research, the respondents were grouped into five latent classes: 'the passive relationships', 'the learning 
network building', 'the building social connections', 'the daily information sharing', and 'the task solving'. 41% of 
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respondents are expected to belong to 'the learning network building' class. Also, about 22% expected to belong to 
'the building social connections' and 'the daily information sharing' respectively. The remaining classes are 'the task 
solving' and 'the passive relationships', percent of belong to each class is under 10%. 
 
Table 3. Item-Response Probabilities for Five-Class Model: Probability of Endorsing Item Given Latent Class 
Item 
Latent Class 
The passive 
 
relationships 
The 
learning 
network 
building  
The 
building 
social 
connections 
The daily  
information 
sharing 
The task  
 
solving  
0.0722 0.4142 0.2234 0.2152 0.0751 
staying up-to-date 0.2397 0.9889 0.7758 0.9631 1.0000 
giving information  0.1034 0.9191 0.5226 0.7444 0.2135 
giving one's opinion to others 0.1929 1.0000 0.5601 0.8839 0.0000 
revealing my presence 0.0000 0.4635 0.0952 0.5255 0.0934 
staying in contact with others 0.5621 0.9433 0.9523 0.9799 0.7516 
searching professional 0.0322 0.7048 0.0977 0.2775 1.0000 
exchange information with friends 0.0584 0.9176 0.5456 0.1962 0.8734 
searching information such as 
homework and class schedule  0.0418 0.8624 0.7114 0.1071 0.8915 
solving assignments with friends 0.0705 0.9675 0.8827 0.1643 0.9841 
searching information 0.1094 0.9630 0.8938 0.3536 0.9710 
exchanging opinions with friends 
on assignments 0.0000 0.9792 0.8462 0.3521 0.9090 
 
4.3. Are there underlying types of social media usage in learning? 
 
Taking into account the AIC value, ABIC value, and Entropy value together, table 4 indicate four-classes and 
five-classes fit. But considering model interpretability, it turned out four-class model is better than five-class model. 
Researchers selected four-class model. 
 
Table 4. Comparison of Baseline Models 
class no. Likelihood Ratio G2 df Entropy AIC ABICl 
2 1763.25 32736 0.65 1825.25 1852.20 
3 1600.64 32720 0.76 1694.64 1735.50 
4 1546.84 32704 0.80 1672.84 1727.60 
5 1494.50 32688 0.81 1652.50 1721.17 
6 1448.16 32672 0.76 1638.16 1720.75 
Note. Boldface type indicates the selected model. AIC = Akaike’'s Information Criterion; ABIC = 
Adjusted Bayesian Information Criterion. 
 
The respondents were grouped into four latent classes: 'the community oriented consumer', 'the community 
oriented prosumer', 'the consumer of data', and 'the disinterested'. 35% of Korean university students are expected to 
belong to 'the community oriented prosumer'. Half of students prefer to passively take pre-existing content rather 
than actively make their own. But fortunately  ' the disinterested'   is  about 20% (Table 5). 
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Table 5. Item-Response Probabilities for Four-Class Model: Probability of Endorsing Item Given Latent Class 
 
Item 
Latent Class 
The 
community 
oriented 
consumer 
The 
community 
oriented 
prosumer  
The 
consumer  
of data  
The 
disinterested 
0.1771  0.3532 0.2700 0.1976  
publishing contents 0.4336 0.6830 0.2016 0.1031 
posting video file 0.1020 0.5673 0.0000 0.0566 
revising, editing, republishing 0.0000 0.8993 0.1447 0.0468 
moving blog, photographs, and video files 
into one's  
0.3655 0.8476 0.5956 0.1205 
searching contents 0.9013 0.9397 0.9518 0.2287 
reading data such as blog, photographs, and 
video files  
0.8766 0.9112 0.9860 0.0000 
questioning 0.6701 0.7660 0.2889 0.1214 
receiving feedback from students and 
professor 
0.9136 0.6780 0.1326 0.0316 
building community 0.6962 0.6056 0.0978 0.0271 
 
4.4. How is correspondence of  predicted  membership  between  latent  classes  extracted  from  motives  and 
usages? 
 
The results from table 6 show the percentage distribution of correspondence of predicted membership between 
latent classes extracted from motives and usages. Distribution show motives for using are related to social media 
usages. Half of  ‘the learning network building class’ is expected to belong to ' the community oriented prosumer', 
and half of  ‘the passive relationships class’ is expected to belong to ‘the disinterested class’. In the case of  ‘the 
daily information sharing class’, which is irrelevant to learning, 30% are expected to belong to  ‘the disinterested 
class’ . 
 
Table 6. Correspondence of predicted membership between latent classes extracted from motives and usages 
motives 
usage 
The passive 
 
relationships
The learning 
network 
building  
The building 
social 
connections 
The daily  
information 
sharing 
The task 
 
solving  
The community oriented 
consumer 10.7 21.3 19.0 17.4 8.8 
The community oriented 
prosumer 10.7 46.1 26.2 20.7 47.1 
The consumer of data 28.6 20.2 36.9 29.3 32.4 
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The disinterested 50.0 12.4 17.9 32.6 11.8 
Total  100.0 100.0 100.0 100.0 100.0 
* p<.0001 
 
4.5 Is  motive  predictive of membership in types of usage? 
 
In latent class analysis, observations with the similar sets of answers tend to cluster into the same latent classes, so 
LCA might also be extended by a latent class regression model to include covariates and predict relationship 
between classes and the covariates (Hagenaars & McCutcheon, 2002). To testify whether motive is predictive of 
membership in types of usages, motive classes were added as covariates. ‘The passive  relationships class’(Class Ⅵ) 
was specified as the reference class for the multinomial logistic regression. 
 
                       Table 7 Parameter Estimates and Odds Ratios for Covariates 
 
class Ⅰ class Ⅱ  class Ⅲ class Ⅳ 
β OR β OR Β OR β OR 
Intercept -1.53 0.22 -1.88 0.15 -0.74 0.48 - 1.0 
motive class dummy 1* 
(the learning network building class: 1, else: 0 ) 
2.19 8.90 2.66 14.26 0.86 2.36 - 1.0 
motive class dummy 2*  
(the building social connections class: 1, else: 0) 
1.61 4.992 1.81 6.11 1.45 4.27 - 1.0 
motive class dummy 3  
(the daily information sharing class: 1, else: 0)  
0.94 2.55 0.57 1.76 0.38 1.47 - 1.0 
motive class dummy 4* 
(the task solving class: 1, else: 0)  
0.72 2.052 2.68 14.59 1.64 5.16 - 1.0 
OR: Odds Ratio - : reference group * p<.0001  
 
Table 7 shows the parameters for the effect of each covariate as well as odds ratios.  Three  motive classes 
dummy variables(p < .0001) were strong predictors of latent class membership. The most striking finding is that 
university students who use social media to build learning network were fifteen times more likely to belong in ‘the 
community oriented prosumer class’ than ‘the disinterested class’(p<.001), and university students who use social 
media to solve task including assignment were fifteen times more likely to belong in ‘the community oriented 
prosumer class’  than  ‘the disinterested class’(p<.001).  
 
5. Implication and Suggestion 
 
Students are better able to create their own understanding of content when producing with social media in 
learning. However, the research result revealed that university students use definite usage such as searching content. 
Based on this result, I suggest research on how to increase the active participation of students such as posting 
comment, updating new information, and sharing work with others are needed in the future. The results using latent 
class analysis will open new paths for future research in the context of social media assisted learning with relevant 
implications for researchers and professors. 
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